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Abstract— Over the last two decades, much research effort has
been spent on nearest neighbor search in high-dimensionakth
sets. Most of the approaches yet published have, however, lgn
been tested on rather small collections. When large colleéons
have been considered, high-performance environments hadeen
used, in particular systems with a large main memory. Accessg
data on disk has largely been avoided, because disk operati® are
considered to be too slow. It has been shown, however, thating
large amounts of memory is generally not an economic choice.
Therefore, we propose the NV-tree, which is a very efficient idk-
based data structure that can give good approximate answern®
nearest neighbor queries with a single disk operation, evefor
very large collections of high-dimensional data. Using a sgle
NV-tree, the returned results have high recall, but containa
number of false positives. By combining two or three NV-tres,
most of those false positives can be avoided while retaininipe
high recall. Finally, we compare the NV-tree to Locality Semitive
Hashing, a popular method for e-distance search. We show that
they return results of similar quality, but the NV-tree uses many
fewer disk reads.

Index Terms— High-dimensional indexing; Multimedia index-
ing; Very large databases; Approximate searches.

I. INTRODUCTION

global descriptors [Liu06], [LRRO7]. In that study two trsand
workstations were used, presumably having at least a teraby
or two of total main memory. In general, however, Gray has
shown [GP87], [GG97] that using very large main memory is
not economical; that data which is accessed less frequéraly
every five minutes should not be kept in main memory.

Locality Sensitive Hashing (LSH) by Indyk et al. [GIM99],
[DIIMO6], has also been considered for large-scale redtievSH
is based on the concept of projecting descriptors onto aorand
line and classifying locations along this line with diffatesym-
bols. Doing such projections for many lines, LSH concatesat
the symbols to a fingerprint for this specific descriptor. sThi
fingerprint has the property that descriptors which lie wita
fixed e-distance threshold, generate with high likelihood theesam
fingerprint. By storing all these fingerprints in a hash tablis
possible to retrieve similar descriptors with a single disid.

Ke et al. [KSHO04] studied the use of LSH for a local descrip-
tor scenario. They used LSH to yield a number of potentially
matching descriptors, and then scanned the descriptagctiolh
on disk to calculate the precise result. While sequent&ibnning
the collection may work in a high-throughput scenario, asiyna
queries batched together can benefit from a single seqlisciia,

HE applications of nearest neighbor search in high-dinit yields very poor response times. Joly et al. [JBF07] sddi
ensional space are very diverse, and include content-bagedapplication with 1.5 billion 20-dimensional local deptors.

image retrieval, copyright protection, finding correlasan stock
data and searching for similar chemical structures. Neaeggh-

They also completed processing with a sequential scan.

bor search is therefore a field of interest for many differeqy ~qntribution of this Paper
research communities, and over the last two decades sagmtific

research effort has been spent trying to improve its effigien
Most of the approaches yet published, however, have only b

tested on rather small collections ranging from tens of shods

of descriptors to a few million (e.g., see [WSB98], [LCGMWD2

[BAGO3], [FKS03]) and some have been explicitly shown not to

work well at high-dimensions or large scale [AG01], [LAJAO5
Only a handful of studies have considered very large descrip
collections. In all such large-scale studies, howevergessiog

This paper addresses approximate search in very large high-

glimensional collections. It makes several major contignst

« First, we propose the NV-tree, a disk-based data structure
that gives good approximate answers witlsiagle random
disk read even for very large collections of high-dimensional
data. Furthermore, searching the NV-tree incurs negkgibl
CPU overhead, making it suitable for main-memory based
processing. We describe the fundamentals of the NV-tree, as

data randomly on disk has been avoided, because random disk well as different strategies for its construction.

operations have been considered to be too slow.

A. Previous Large-Scale Studies

Liu has studied the use of a distributed hybrid Spill-tree,
variant of the Metric-tree [UhI91], for a collection of 1.5lllon
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Second, we analyze the properties of a large-scale copy
detection application using the well known SIFT descrip-
tors [Low04]. We show that the SIFT descriptors are very
distinctive and have high contrast, even in a collection of
180 million data points. Furthermore, we show that using
contrast-based ground truth sets is necessary to obtain-mea
ingful results for all queries.

Third, we analyze the performance of the NV-tree and show
that the NV-tree works well for our workload. We show that
using a single NV-tree yields high recall, but also a number
of false positives. By combining the results from two or

a



TPAMI-2007-07-0435.R1

three NV-trees, however, most of those false positives caair of adjacent partitions, an overlapping sub-partiticovering

be avoided while retaining the high recall.

50% of both partitions, is created for redundant coveragthef

o Finally, we compare the NV-tree to two competing datpartition borders. Information about all these sub-parig, such
structures. In particular, we focus on LSH which is curngntlas the partition borders on the projection line, form theemn
a very popular high-dimensional indexing method. We shonode of the first level of the NV-tree. Strategies for paotitng
that LSH can return results of similar quality, but only byare described in Section 1I-D.

using many more disk reads.

To build subsequent levels of the NV-tree, this process of

The remainder of this paper is organized as follows. Firgt, wrojecting and partitioning is repeated for all the new sub-

present the NV-tree in Section Il, and its implementatiotaie

partitions using a new projection line at each level, crepthe

in Section I1l. Then we present the collection and workloaéd: hierarchy of inner nodes. The process stops when the number
in our experiments in Section IV. In Section V, we analyze thef descriptors in a sub-partition falls below a specifieditim

ground-truth result quality of our workload, and in Sectigh

designed to be disk 1/0O friendly (this limit includes extrpase

we describe the performance of the NV-tree. In Section VIl wi@r subsequent insertions). A new projection line is theedus
compare the performance of the NV-tree to that of LSH. W& order the descriptor identifiers of the sub-partitiond ghe

conclude in Section VIII.

Il. THE NV-TREE
The NV-tree (Nearest-Vector-tree) is a disk-based datetsire

ordered identifiers are written to a leaf node on disk.

B. NV-tree Nearest Neighbor Retrieval Process
During query processing, the query descriptor first treegrs

designed to provide efficient approximatenearest neighbor the hierarchy of inner nodes of the NV-tree. At each level of
search in very large high-dimensional collections. In Beeg the tree, the query descriptor is projected to the projaclioe
it transforms costly nearest neighbor searches in the higissociated with the current node. The search is then diteote

dimensional space into efficient uni-dimensional accesseg a
combination of projections of data points to lines and fiarting
of the projected space.

the sub-partition with center-point closest to the progecof the
query descriptor. This process of projection and choosiegight
sub-partition is repeated until the search reaches a ladé.no

By repeating the process of projecting and partitioningada The leaf node is fetched into memory and the query descriptor

is eventually separated into small partitions which can &silg

is projected onto the projection line of the leaf node. Tharce

fetched from disk with a single disk read, and which are highkthen starts at the position of the query descriptor prajecti

likely to contain all the close neighbors in the collection.

The two descriptor identifiers on either side of the projdcte

The curse of dimensionality phenomenon suggests that cleggery descriptor are returned as the nearest neighbors, thiee

descriptors might get separated by a partition boundarynvplae-
titioning the space. Therefore, the NV-tree also adds rednicy
by allowing the partitions to overlap. Due to the redundagopd
approximate results are obtained by processing a singtiiqar

The drawback, of course, is a higher storage requiremertt,

given the low cost of disk space this is a good tradeoff.

In this section we first outline the NV-tree creation (Sectib
A) and search (Section II-B) algorithms. Then we consideatst
gies for projections (Section II-C) and partitioning (Sentll-
D). Finally, we briefly describe insertion to, and deletioon,
the NV-tree (Section II-E), before highlighting key profies of
the NV-tree (Section II-F). The implementation of the Nedris
described in Section lII.

A. NV-tree Creation

second two descriptor identifiers, etc. Thus, #y2 descriptor
identifiers found on either side of the query descriptor gztpn

are alternated to form the rankédapproximate neighbors of the
query descriptor.

buNote that since leaf partitions have a fixed size, the NV-tree
guarantees query processing time of a single disk readdiegar

of the size of the descriptor collection. Larger colleciameed
deeper NV-trees but the intermediate nodes fit easily in nmgmo
and tree traversal cost is negligible.

C. Projection Strategies

Projecting high-dimensional data points to random lines wa
introduced by Kleinberg [Kle97] and subsequently used vess
other high-dimensional indexing techniques [FKSO03], \@06],
[LMGYO04]. Such projections have two main benefits. First, in

Overall, an NV-tree is a tree index consisting of: a) a hEr some cases, they can alleviate data distribution probl&esond,
of small inner nodes which are kept in memory during queryihey allow for a clever dimensionality reduction, by prdjeg

processing and guide the descriptor search to the apprepeiaf

to fewer lines than there are dimensions in the data. Random

node; and b) largefeaf nodes which are stored on disk and ines are best generated isotropically in a quasi-orthagoranner

contain references to actual descriptors.
When the construction of an NV-tree starts, all descriptoes

(requiring a minimal angle between pairs of lines).
In the NV-tree, projection lines are used at each level of the

considered to be part of a single temporary partition. DBSCT yree  and hence a strategy is needed for selecting those The
tors belonging to the partition are first projected onto &l&in gefaylt strategy is Randonstrategy, which picks random lines as
projection linethrough the high-dimensional space. Strategies fefescribed above: this strategy is simple and data indepéritlee

selecting the projection lines are discussed in Sectid. II-

retrieval quality, however, can be improved with data-aejsmnt

The projected values are then partitioned into disjunct- sueeneraﬁon of lines, for example using the well known Ppati

partitions based on their position on the projection liner. €ach

INote that dealing with strongly clustered data sets andespently large
result sets is beyond the context of this paper; it is likdlgttthe NV-tree
will not cope well with such applications.

Component Analysis (PCA). Instead of picking a random lime f
a partition, PCA can be run to determine its best projectioe; |
the line with the largest projection variance. Running P@A f
each partition, however, is very expensive because thermany
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partitions and each partition holds many points. We haveethee  are likely to require further partitioning. Thus, the “cerit of
devised a fasteApproximate PCAstrategy for selecting projection an unbalanced NV-tree is typically partitioned deeper tkitan
lines, which we describe in the remainder of this section. “sides”.

Before starting the creation of the NV-tree, a large set of The unbalanced strategy tends to produce significantlyetarg
isotropic, quasi-orthogonal random lines is generatedkapd in  trees, due to two reasons. First, it frequently createss ttkat
a line pool in main memory. During line selection, the partitionare deeper on average than the balanced strategy. Due to the
about to be projected is first sampled. The data points in thigerlapping partitions, each additional level in the treaghly
small sample are projected onto all the pre-computed limed,a doubles its size. Second, as partitions no longer contaioigely
fraction of the lines with the highest variance is selecfethrger the same number of descriptors, leaf partitions tend to be
sample of the same partition is then extracted and projemténl filled, resulting in higher space requirement. To give amgxXa,
only the selected lines. Fewer lines are in turn selecteginahe consider a sub-partition which has one more descriptorwward
ones with the highest variance. By repeating this processva ffit in to a leaf partition. In this case, at least three pamtisi would
times, a single line is finally elected and used as the prioject be created (including the overlapping partition) in pladettee
line of the partition. one, giving rise to both problems described above.

Instead of choosing the single best possible line for thé-par In order to alleviate this data explosion problem, we pregbe
tion, determined by costly PCA calculations, this efficipricess Hybrid strategy. This strategy generally follows thimbalanced
picks a “reasonably good” line from the large line pool byngsi strategy until a sub-partition is of a size that could fitliteaf
many cheap projection calculations over small samples. partitions (including the extra space for insertions; weehfound

I = 6 to be a good number). Then tBalancedstrategy is used to
D. Partitioning Strategies construct the leaf partitions. As a result, leaf partitiams better
utilized and the tree is shallower, both of which result inafler
space requirements.

e

A partitioning strategy is likewise needed for the NV-trée.

the following, we describe three strategiBsjanced Unbalanced . .
and Hybrid. We end with a discussion of their implications. Overall, theUnbalancedstrategy requires twice as much space

The Balanced strategy partitions data based on cardinalit){e;)S gﬁ??ggﬁ,dsstge%ewugéh?g:;:,;gifgxﬁt',zgﬁgg dc;(:]zer
Therefore, each sub-partition gets the same number ofigess; : - . N
and all leaf partitions are of the same size. Although nodeda Hybrid NV-trees yield equivalent results, but significantly bette

may vary from one level to the other, depending on the desirgznan BalancedNV—trees._ . .
’ Note that all strategies can be partitioned aggressively, b

tree height and leaf size, the NV-tree becomes balancedchs ea ecifying many sub-partitions in tialancedstrategy or a small
leaf node is at the same height in the tree. P 9 y P oy

It has been observed in the literature that the density ggin the Unbalancedstrategy. Aggresswe pzirtltlonl?g tep d s 10

o . . . . produce shallow and wide NV-trees, while a “gentle” pastitng
projections of large high-dimensional data sets onto aagamlihe scheme tends to produce deep and narrow trees. Adaressivel
generally follows a normal distribution. As a result, thesalote P P - 799 y

distance between partition boundaries varies signifigaaltbng built NV-trees typically occupy less disk space but may djiel

the line with theBalancedstrategy. Dense areas in the data spacl:%wer recall.

have very close boundaries, while sparse areas have meaatdis, : .
. X . E. Insertions and Deletions

boundaries. This strategy may therefore separate cloagdaits

from dense areas while storing together distant data pfiats /N many application settings, dynamic maintenance of the

sparse areas, which can reduce the accuracy of the search. data collection is required, for example when re-indexihg t
The Unbalancedpartitioning strategy avoids this problem, bycollection leads to intolerable interruption of serviceueDto the

using distances instead of cardinalities. In this casepsutitions reédundancy arising from overlapping partitions, howeeach

are created such that the absolute distance between theidbo descriptor must be dynamically inserted into (or deletemir

aries is equal. All the data points in each interval belonghe Many leaf nodes. Unlike the search, insertion (or deletiookt,

associated sub-partition. With this strategy, howeves, tbrmal at each level, descend into the two sub-partitions whicttaton

distribution of the projections leads to a significant véwia in  the projection of the descriptor. In the worst case, a dpsmri

the cardinalities of sub-partitions. Due to the repeategliegtion Must thus be inserted into (or deleted fro®ft)leaf nodes, where

of the partitioning strategy, the NV-tree becomes unbadnas is the number of levels in the tree. Although, in the case ef th

dense areas are partitioned more often than sparse areas. unbalanced tree, the number of affected leaf nodes will ivero
To implement this strategy, we calculate the standard tlemia N Practice, it is still high enough that a careful implenitn

o and meanm of the projections along the projection lineis required. In Section llI-D, an efficient implementatiod o

Then a parameter is used to determine the partition borderdnsertions and deletions is described.

as...,m—2ac, m—ao, m,m+ac, m+ 2ao, ... Small adjacent

sub-partitions are merged until the resulting cardinalits the F Summary

leaf node size limit and then written to disk. Sub-partitiazon- Overall, an NV-tree consists of a hierarchy of small inneste®

taining many data points, on the other hand, are subseguentl which fits in memory, and larger leaf nodes, which are stored

partitioned. Overlapping partitions are created simjlausingo, on disk and contain descriptor identifiers. In this sectiom,

m anda, by shifting the borders by 0.5. For example, the centrélave described the processes for index creation, indextsear

overlapping partition borders are — 0.5a0 andm + 0.5a0. and insertions and deletions, as well as alternative girstefor
The sub-partitions farthest away from the mean are likely nthe index creation.

to be partitioned again, as their cardinality is such tha tfit One fundamental property of the NV-tree is that it requires a

into a single leaf node. Conversely, partitions close torttean single disk read per query descriptor. This property hol=ne

O
=



TPAMI-2007-07-0435.R1 4

with very large descriptor collections, making query pasieg (projected valuedescriptor identifiey pairs of the leaf partition
cost largely independent of the collection size. are sorted in memory by their projected values, and written t
Another fundamental property of the NV-tree is that thigten the leaf node.
disk read is used to return approximate results in a rankeeror
rather than distance order. Having a ranked result list heeet 5
major consequences. First, since no distance calculatwes
required, little CPU cost is incurred, even for large cdilets. ! ° >
Second, the descriptors themselves need not be storeah wlihi of small |ntermed|§te node.s that eventually point to muchda
leaf nodes, making it possible to store many descriptortifiers leaf nodes. Each intermediate node contains four arrays:
in a single leaf node, which increases the likelihood of hgvi e« Child: This array points to child nodes of the intermediate
actual neighbors in that leaf. The redundancy introduceth wi ~ Nnode, including those child nodes created for overlapping

Intermediate Nodes
As mentioned above, the NV-tree is composed of a hierarchy

overlapping partitions further increases that likelihodtird, as sub-partitions. The child nodes may in turn be intermediate
the results are based on a projection to a single line, falsiiyes nodes or leaf nodes.

do arise when processing a leaf node. Since distances carenot « Partition Border: This array keeps track of the upper and

calculated, other means of removing false positives araied lower borders of each child node along the projection line.

The method we use to eliminate false positives is based on This array is used during insertions to guarantee that each
aggregation of the ranked result sets from multiple NVaree descriptor is |nserte.d into aII.reIevant sub-partltlons.
which are built independently over the same collection.c&in e Search Border: This array is used to direct the query

each NV-tree is based on random projections, the conterttseof descriptor search to the appropriate child node. This idon
ranked results are very likely to differ, except for destip that by using projection values that are half-way between the
are actual near neighbors. Therefore false positives cgaljabe upper and lower partition borders of adjacent child nodes.
eliminated by applying any rank aggregation method to cambi  Projection Line: As described in Section 1I-C, the potential
results from more than one NV-tree index. The effectiverafss projection lines are kept in a line pool in memory. This
this method is studied in Section VI-C. array stores pointers into the line pool, which point to the
projection lines of the child nodes.
1. NV-TREEIMPLEMENTATION OVERVIEW Each intermediate node typically has a fan-out of 2—32 istiolg

the overlapping partitions. These intermediate nodesetber

One NV-tree is stored in three different files: 1) thee pool Reequire little space and can easily be kept in main memory.

file, which stores the details of each random line created for t
tree; 2) thein-memory file which stores the hierarchy of inner
nodes that is kept in memory during query processing; antied) tC. Leaf Nodes

leaf file, which stores all the leafs of the NV-tree. All leaf nodes are kept in a single large file on disk. Each

The NV-tree is written in C++. The code has been embeddéshf node is the size of a suitable 1/0O granule and contains
in a server, which listens for requests for searches ortinser (projected valugdescriptor identifiey pairs. For efficiently find-
Upon invocation, the server first reads the line pool file d@mel ting the pair of the leaf, which has its projected value closes
in-memory file, and opens the leaf node file. At that pointait ¢ the projection of the query descriptor, leaves are organizethe
receive requests for searches and insertions. Duringtioseythe projected values in a sorted look-up table.
server also takes care of the maintenance of the files. The leaf nodes can also be organized irsgarse manner,

In the remainder of this section, we give a high-level dgtionn  where fewer projected values are stored, and interpolaion
of the implementation of the NV-tree. The description fasien used to find the “correct” location in the leaf. With the sgars
the Unbalancedpartitioning strategy, which requires the morebrganization, almost twice as many descriptor identifiers fit
complicated implementation. We first outline the index tio#a into the leaf partition. This typically results in half theimber
process. Then we describe the data structures used fongstoif leaf nodes, and a correspondingly smaller index. Theaedu
intermediate nodes and leaf nodes. Finally, we briefly descr space requirement comes at the potential cost of more irgecu

the implementation of insertions and deletions. guery results, as the exact position of descriptors alorey th
projection line is not available. When evaluating this opgation,
A. NV-tree Creation however, we observed next to no influence on the result gualit

Our implementation therefore typically only stores eve§1

As described in Section II-A, the NV-tree is constructed Vig,qiected value: this setting is used throughout the paper.
repeated applications of projection and partitioning. iBgirthe

NV-tree creation process, the descriptor collection is fiessnpled ) )

to create the initial projection line, as described in Sectl- D- Insertions and Deletions

C. The collection is then sampled yet again, using a largerRecall that due to the redundancy arising from overlapping
sample, to determine approximate values for them, and partitions each new descriptor must be dynamically ingeirieo

o parameters, described in 1I-D (this is done to avoid sortingany leaf nodes. In order to avoid immediately reading and
the entire collection). Finally, the entire collection isasned, writing each of those leaf nodes, a memory based holding area
and each descriptor is projected to the initial random liflee is employed. The holding area contains, for each leaf node, a
descriptor is then assigned to the appropriate (one or twb) slist of all (projected valuedescriptor identifiey pairs that have
partitions and written to temporary files for those subiparts. been inserted to the node but not written to disk. The seassh h
This whole process is then repeated for each of the temporésen modified to scan this holding area also, when readingfa le
files in a depth-first manner. When a leaf partition is forntb@, node. When the holding area fills, leaf nodes are opporiuaalbt
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written to disk as they are read by the search process. This wa SIFT descriptors are particularly suited for near-dupécian-
disk activity due to insertions is minimized. age detection (e.g., see [Low04]), and have also been shbwn e
When a leaf node is full, it must be split. As part of the spiigt  fective for detecting copyright violations of images [LAQB]. We
process, new random lines must be chosen from the line pool fiave therefore created query descriptors by modifying esopi
the resulting new leaf nodes. As the actual descriptors ate fimages from the collection, following the approach of [LAB,
stored in the leaf node, the projection along this new rantioen using the Stirmark benchmarking tool [Pet01]. The imagesra
requires costly random accesses to the descriptor calfedtiis formations include rotation, rescaling, cropping, affingtattions
therefore more profitable to delay and buffer splits. Oneesghlit and convolution filters. SIFT descriptors cope rather wethw
buffer fills up, the whole collection is sequentially scasinend most of these distortions at the image level [Low04], [LAG)O
the buffered leaf nodes are split in a manner similar to tidexn meaning that a significant percentage of interest point$caned
creation process. in the same location as in the original image and that theeeorr
A key consideration is how many new partitions a leaf nodgponding descriptors are relatively close in the Euclidspace.
should be split into. With too many new partitions, each wilNote, however, that the transformations also include distus
have low utilization and the index will grow fast. Choosing avhich the SIFT descriptors have been shown not to handle
small number of new partitions will lead to small intermedia well [LAJAO6].
nodes, however, which in turn leads to deep NV-trees and fast
index growth. To avoid both situations, we have chosen ayoliB. Result Quality Metrics

where, when the parent of a full leaf node has low fan-out, the rragitionally, the precision and recall metrics are usedstab-
p_ar_ent n(_)de is split by _takmg the_ c_ontents of all of _the Ienz_deis lish the quality of the list of descriptors returned by apjmate
siblings into account in the splitting process. This resuit & pgh dimensional indexing schemes. Computing precisiod a
parent node with higher fan-out, without hurting disk @alion.  roca)| however, requires the definition of ground truth set
The deletion of descriptors from the NV-tree is implementeggainst which the results are compared.
similarly to insertions, by opportunistically propagafithe dele- | the literature, one of two different approaches is tyjhjca
tions to the appropriate leaf nodes. Additionally, howewelist seq to define the ground truth set. The first approach is tamun
of deleted descriptors is maintained and used to filter seangy;cir-nearest neighbor search for every query descriptor, eadi
results, such that the deletion is immediately apparenthé tyg 5 result set of fixed cardinality, but with arbitrary distas. The

search results. A reference count is maintained to remoge hcong approach is to run an exagange search for each query
deleted descriptor from the list once all its redundant oecnces descriptor, which returns all neighbors within distance: éfom

have been removed from disk. the query point, leading to a result set with a bounded distan
but of arbitrary cardinality. In both cases, an exhaustegugential
IV. EXPERIMENTAL SETUP scan is typically used to ensure that the result lists degfirire

ground truth truly reflect the contents of the descriptotemion.

In this section, we describe the experimental environmeatlu The precision and recall of the indexing scheme in questan c
in our performance studies. First, we describe the destripthen pe computed by comparing its results to these grourid tru
collection and query workload used in all the experiment®enl sets. Of course, both methods are highly sensitive to théceho
we describe the result quality metrics studied in our anglys  of i or respectively.

All experiments were run on DELL PowerEdge 1850 machines, Recent results by Beyer et al. [BGRS99] and Shaft and Ramakr-
each equipped with two 3GHz Intel Pentium 4 processors, 2Géhnan [SR06], however, have shown that high dimensiontl da
of DDR2-memory, 1MB CPU cache, and two (or more) 140GBets must exhibit someontrastto be indexable and to draw any
10Krpm SCSI disks. The machines run Gentoo Linux (2.6sheaningful conclusion from the results of searches. Inwhigk,
kernel) and the ReiserFsS file system. contrast means that a nearest neighbor must be significziotigr
to the query point than most other points in the dataset iaral
be considered meaningful. In the absence of contrast,atioles
typically suffer from vanishing variance and instability wear

In this study we use the well-known SIFT (Scale Invariant-Feaeighbors, which preclude the construction of any meaningf
ture Transform) method [Low99], [Low04], which the standard result sets.
method in the image processing community for extractinglloc A direct consequence of the theoretical analysis of [SR86] i
features from images. The SIFT extraction process is peddr that it is possible to construct a contrast-based grourtth set,
over several scales of the image and finds interest pointsewhegainst which indexing schemes can be compared. In order to
the contrast changes significantly. Once the interest pdiave construct such a set, a sequential scan may be used to determi
been identified, the signal around them is encoded into a 128 each query descriptor, all the descriptors in the dattss
dimensional vector, which is normalized to a length of 512.  fulfill a given contrast criteria.

The descriptor collection was obtained by extracting |deat Using a contrast-based ground truth set has several tiesdret
tures from an archive of about 150 thousand images obtaiped f advantages. First, the size of the ground truth set tendseto b
Morgunbla'l'g%i'l'g,%,the major newspaper in Iceland (www.mbl.is)small compared to the-nn approach, as thé-nn approach
The images are largely high-quality press photos, whiclineylely  collects (irrelevant) neighbors regardless of their distéafrom the
varied in content. In order to reduce the number of desasptoquery descriptor. Second, using the contrast-based grouiid
extracted from each photo, the images were first resized swaleviates the two typical problems thatange search faces. On
that their larger edge was 512 pixels. The resulting desxrip one hand, when query points fall in very dense areas, veryman
collection contained a total of 179,443,881 SIFT descripto  vectors are returned using afrange query, although the results

A. Descriptors and Queries
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Fig. 1. The distribution of all neighbors based on distareehe query Fig. 2. The cumulative distribution of correct matches blage distance
descriptor. to the query descriptor.

are hardly distinguishable from each other. On the othedharin our collection, a total of 248,852 query descriptors fum

when query points fall in sparse areas, no results may beneztu correct match among the top 1,000 neighbors, or slightlg les

using ane-range query, while there may be many useful answetisan 50%. While this may at first seem a low percentage, it is

in the collection. Overall, therefore, building a groundtkrbased still a good recognition performance considering that sounery

on a contrast criterion will allow for more reliable precisiand descriptors originated from severely modified images [LAGA

recall measurements. What we seek in this section is a general method for building a
According to Lowe, computing SIFT over an image collectioground truth set, which includes a large number of the 248,85

produces a contrasted set of descriptors [Low04]. In hiskworcorrect matches and only a small number of false matches.

Lowe considered the nearest neighbar of a query descriptor

g meaningful if and only ifd(n2,q)/d(n1,q) > 1.8, where A Ground Truth Based oh-NN

2 'i;he secondd trr: eargtst .netlﬁhb(;]r I[Id_O\tAr,104l fV\{Een ;‘s{;earesR/Vhen taking a close look at the individual results we obs#rve
neighbor passed he criteria threshold, then turter € that the correct matches that appeared among the 1,000sheare

run todsee.m{hm:ﬁﬁl was |r:de§dh§ n:;.)g'f'e? copymc;f_ theneighbors were in most cases ranked first in the result sét. Th
query descriptor. € nearest neighbor did not pass Merer - ;.\ jicates that by far the best choice for building a groundhtr
threshold, them; was rejected and no answer returned. Since, for.

o ; a]sed ork nearest neighbors, would be by choosing- 1. But
many applications, a query may have more than one meanin

it daot L 's criterion. b ing that ret idhb Yen withk = 1, however, more than half of the neighbors in the
resull, we adapt LOWe's criterion, by saying that re urneig or ground truth set would be false matches. Furthermore, faryma
n; is meaningful with respect to contrastdefault value ofc is

1.8) whend( )/ )= 2 other applications, choosing a ground truth setof 1 would
. n100,9 ni,q C.

. . 2 - . . be too restrictive.
Using this contrast criterion, it is possible to build a grdu

truth set for an application. In the next section, we analyee

quality of these three approaches to generating the grauid t

sets for our application from the results of a sequentiahsca ~ We now analyze how the absolute distance between the query
descriptor and returned neighbors affects the result tyu&ig-

V. ANALYSIS OF GROUND TRUTH ure 1 shows the distribution of all 500 million neighbors dﬂo-
ing on the distance of each neighbor to the query descripta.
z-axis shows the absolute distance (corresponding to \@®jin
while the y-axis shows the number of neighbors with approxi-

ately that distance (the point at O corresponds to a distahc

, while the point at 5 corresponds to the distance raiigs],
and so on). We observe that the number of descriptors sttherra
uniform and small for short distances. Once the distanqeasses

Note that the semantics of the copyright protection apptoa 25, h_owever, We can see an exponential increase n th? number
from which the workload is drawn, is such that for each querg nelghbor§ at each qlstgnce range (note the Ioganthpate)sc
descriptor precisely one descriptor in the collection isoarect ecall that in our application almost all of these descriptare

match while the remainder should be considefatbe matches fals_e matches. . .
Figure 2, on the other hand, shows the cumulative distance

2In fact, we can generalize Lowe’s criterion, by saying ttetimed neigh- distribution of the correct matches. In the figure, thaxis is the
bor n; is meaningful with respect to contrastwhend(n;, ¢)/d(n:,q) > ¢,  distance from the correct match to the query descriptorienthie
wherej > 2 andi < j. In our work we have found, however, that wih , ayis shows the cumulative fraction of correct matches doun
between 2 and 100, the number of descriptors passing theasormtiterion . . .
grows fast, while forj > 100 it grows slowly. We have therefore usedP€low that distance. From the figure we see that about twdsthir

4 = 100 in the remainder of this paper. of the correct matches can be found within edistance of 100,

B. Ground Truth Based oaDistance

The goal of this section is to analyze the properties of theryu
workload and descriptor collection and establish a medning
ground truth set for our experimental studies. To that eredhave
chosen 500,000 query descriptors at random from the watklo
described in Section IV-A. We have then run a sequential szan
calculate the 1,000 nearest neighbors for each query géscri
yielding 500 million neighbors in all.
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Fig. 3. The cumulative distribution of correct matches blase contrast. Fig. 4. Distribution of neighbors passing the contrastecigin by distance
to query descriptor, for various contrast thresholds.

and that within this distance they are rather uniformlyrilisted. to the e-based criterion. So the threshold of 1.8, proposed by
The final third lies beyond a distance of 100, where the liiadd Lowe, seems reasonable.
of finding further neighbors slowly becomes smaller; thet las With the threshold: = 1.8, a total of 248,212 descriptors pass
correct matches can actually be found at a distance of 370. the contrast filtef. As described above, the number of descriptors

More importantly, however, Figure 2 shows that fewer thathat are both correct matches and pass ¢he: 1.8 contrast
20% of the correct matches are found at a distance smallar thiterion is 186,290. Thus, about 75.1% of the descriptorthe
25, which is where the number of false matches started istrg@a contrast-based ground truth set are correct matches andat abo
exponentially. Thus, it is impossible to select a glokafor 24.9% are false matches.
building a ground truth set which includes a large number of
correct matches and only a small number of false matches.

D. Discussion

C. Ground Truth Based on Contrast The discussion above shows that using a contrast-based crit
Finally, we consider the effect of contrast on the qualitt@ rion to construct the ground truth set is clearly preferdblasing

ground truth set. Figure 3 shows an analysis of the correttiraa either k& nearest neighbors ar-distance, as using the contrast-

based on different thresholds of the contrast criteriore dHaxis based criterion yields the best ratio between correct reateind

shows the contrast, while the y-axis shows the percentage offalse matches (about 3:1 far= 1.8). Furthermore, as described

correct matches with contrast higher thamefined in Section IV- in Section IV-B, it is the only approach with solid theoretic

A as d(ni00,9)/d(ni,q) > c. The figure shows that 36% of theunderpinnings. As a result, we use contrast-based growrld tr

correct matches are more than five times closer in distarare tisets in the remainder of this paper. We typically use 1.8 to

the 100" nearest neighbor in the result list. Foe= 1.8, which is  build the ground truth set, but we also illustrate some tesising

the value that Lowe recommended, 186,290 out of 248,852¢DIT¢ values ranging from 1.0 to 2.5.

matches, or about 74.9%, pass the contrast threshold. /208at Furthermore, the quality of the ground truth set is strong

of the correct matches have a contrast threshold lower tfain Jevidence that the distinctiveness of the SIFT descriptaisish

and are therefore rather hard to detect from the false mafche even at large scale, which shows that we can expect very small
Figure 4, on the other hand, shows the effects of the contragid meaningful result sets for nearly all query descriptors

criterion on the number of descriptors that pass the thtdsho

filter (these include the correct matches). This time, thaxis

shows the absolute distance from the result descriptoretgery VI. NV-TREE PERFORMANCE

descriptor, while thg-axis shows the number of descriptors found

at each distance. Overall, we observe that a contrast thicksh

¢ = 1 shows an exponential increase in the number of descript

(similar to Figure 1, but at a smaller scale since at most 1

neighbors are considered), while all valuescof 1.5 avoid this

behavior and show a well controlled number of descriptdrs;

higher the threshold, the fewer descriptors are returned.

In this section, we start by describing the NV-tree configura
6’ s used in the experiments. Then we present two expetimen
ich analyze key properties of the NV-tree. In Section VivB
discuss an experiment with a single NV-tree index, whichagho
¢ that the NV-tree yields high recall, especially with neighbhav-
ing high contrast. In Section VI-C we then discuss an expemim

Comparing Figures 3 and 4, we see that choosing a higﬁl(\_f.i,th up to three NV-trees, which demonstrates that with such
contrast threshold results in lower recall but fewer falsgahes, configurations false positives can be largely eliminatedilev

and vice versa. Comparing these to Figures 1 and 2, howeeer, Weping mc_)st of _the h?gh rec_aII. Finally, we present experital
see that any choice from 1.5 to 2.5 performs very well comparéesu"s for insertions, in Section VI-D.

3A small portion of the correct matches has contrast smaiken L, which 4The fact that this number is similar to the number of correetahnes in
means that they were found at a rank higher than 100. the sequential scan results is purely by coincidence.
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A. NV-tree Configuration 1) Recall: Figure 5 shows the recall of the search computed
For all experiments reported in this section, we used tff@@inst four contrast-based ground truth sets-f@nging from1

following NV-tree configuration: t0 2.5. Thez-axis shgws the distance from the retrieved n.e|ghbors

. o o to the query descriptors, and theaxis shows the fraction of

» We have used leaf partitions consisting of six disk pagggeaningful neighbors returned for each distance category.
(24 KB). As leaf nodes are sparse (keeping a projectEdConsider first the ground truth set where- 1.0. In this case,
value for every 1@_ des_c_nptor identifier), a maximum of y,¢ 109 closest neighbors to the query descriptor form tewen
5,579 descrlpFors |d_ent|f|ers can be storgd per _Ieaf. I‘eéf\/erall, with this setting, descriptors which are closerthe
nodes are typically filled to 67% of capacity, leaving roomy ey descriptor than 25 in distance are always found. Fgeta
for |nsert|on§. Recgll that using sparse Ieaf nodes g.dyleraéistances, the recall drops significantly. Recalling, havethe
reduces the index siz€ by half W'FhOUt affectmg result mal _corresponding line from Figure 4 where the number of neighbo
For all of the experiments, the in-memory hierarchy fits ig, . _ 1.0 is increasing exponentially, then the reason for such

less than 60MB of_main memory. a strong decline for distance larger than 25 is rather olsyias
* We used thel\pprommatg I_D_Cﬁs_trategy to select t_he randomvery many neighbors are returned, the meaningful ones becom
lines. We generated an initial line pool of 1000 lifeshere only a small fraction.

gach pair of lines has a minimum angle of 72, .degrees.. Start"'l’urning to the other recall lines when using ground trutts set
ing with a very small sample from t,he part|t|on (typ'ca”yhaving c € {1.5,1.8,2.5}, we observe that the recall is much
0.01%), we select a set of 128 potgnhgl random lines. In e.aﬁrbher. While recall is still near-perfect only for dist@scsmaller
sut_)sequent round, th_e ngple Siz€ Increases exPonﬁnt"%H&n 25, the recall is significantly higher in the range 2%®-10
while the set of potential lines decreases exponentiafilil U 1, ning hack to Figure 2 which showed that about two thirds
asingle line is selected after thre;e rounds. Approximaté PGyt the ‘meaningful neighbors are found at a distance closar th
generally INcreases recal! ,by _10/0 over randpm lines. 100, this tells us that the single NV-tree is finding most af th

« We used theHybr.u.j partltlonmg strategy witha set to meaningful neighbors and, in fact, the NV-tree is able to find
0.55. Before partitioning, a sample of about 5% of thgg gos of all meaningful neighbors.

points in a partition are used to determine and o (se€ |eregtingly, varying the contrast threshold between dnfl
Section I1-D). The hybrid strategy generally yields aboti 5 5 5 465 not affect quality in the range from 0 to 100, because
higher recall than a balanced strategy, but equivalentéo th. \\.tree copes very well with contrasted data and finds
unbalanced, while only requiring about 20% more space thafhgt of the meaningful neighbors. Two interesting effeats a
the balanced partitioning strategy. ~worth noting when the distance goes beyond 100, howevest, Fir

« We retrieved 1,000 descriptors from each NV-tree (in onge fiyctuations in that range are due to the small number of

experiment we vary this number). neighbors. Second, we observe that using 2.5, no neighbors

With this configuration, the index creation took less than l&re found beyond a distance of 130; at that point the other
hours per NV-tree and one NV-tree requires about 50 GB of digkescriptors are not far enough to allow any descriptors &s pa
space (about twice the size of the collection). We creategketh this threshold. A similar effect occurs with= 1.8 at a distance
NV-trees in total, as some experiments use two or three B&tr of about 180. In the remainder of our experiments we use the

The NV-tree search is almost exclusively I/O bound, as CP§tound truth set defined by= 1.8, as proposed by Lowe.
time is typically 1-3% of the total query processing timer-Fu 2) False Positives:The NV-tree index performs approximate
thermore, the NV-tree is designed such that a single dis# researches. Given that the ground truth set of descriptotptsses
is required for each tree. Therefore, the performance aisalythe contrast criterion is quite small as we have observedit mo
focuses on index size, index creation time, and running tifne of the returned neighbors are indeed false positives. Sihee
the search. Note, however, that disk times are highly hamlwaNV-tree does not store the actual descriptor (it stores dsly
dependent and may vary significantly based on the size adeéntifier) and retrieving the descriptor from disk to cortgu
location of the index on disk, as well as how full the disk isdistances is infeasible in practice, there are no means tay fil
as we are using an off-the-shelf file system. out these false positives using a single NV-tree.

Nevertheless, one NV-tree needs about 12.5 milliseconds tdn general, some applications may tolerate false positiate
return the 1,000 neighbors of a query descriptor, which s&es others, such as applications with strong precision coinsssanay
tially the time required for a single random disk read. Thas ¢ not. Requesting only a handful of nearest neighbors fronmgiesi
be contrasted with our highly optimized sequential scaniclwvh NV-tree tends to reduce the number of false positives, laffétts
takes 14 seconds per descriptor in a batch query processa Whexall quite significantly (not shown). On the other handisit
3 NV-trees are used, the response time is about 38.5 ms. possible to reduce the number of false positives by usingemor

than one NV-tree; this is the topic of the next experiment.

B. Experiment 1: A Single NV-tree
P g C. Experiment 2: Additional NV-trees

ealc?h tt?rl'r?eei( %%r(')r?g:rgf nr;n ;Egrsgr%raog S?gelge;\fzgeme;’edln this section we study the result quality obtained by using
d sev r’I ntrast-b g round truth ? havin ent.ifr two or three NV-trees together to yield nearest neighboakeT
used several contrast-based grou uth Sets navingellie gt the case of two indices. A technique called median rank

values to compute recall and the number of false positives. aggregation [FKS03] can be used to combine the two ranked
5We have experimented with line pools ranging from 64 linest00. lists from the two indices. While a precise description ofdime

Generally, retrieval quality increases slightly with lipeol size, but so does fank aggregation is OUts_ide the scope of this paper, it ﬁaﬂ?h
index construction time. We have found 1,000 lines to be algoade-off.  traverses both ranked lists and outputs as the nearestboeigh
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Fig. 5. Recall for a single NV-tree retrieving 1000 Nearesidiibors per Fig. 6. Recall by aggregating the result lists of two or thiredependent
query. NV-trees.c = 1.8.

the first descriptor seen in both lists, as the second neighlibus we expect to retain the high recall, while removing najst
the second descriptor seen in both lists, and so on. Whee thtke false positives.

indices are used, we can either return as the nearest neitfido  Figure 7 shows the recall of this approach. Thexis shows
first descriptor seen in any two indices, or in all three. Eheghe size of the result set obtained from each index. Each line
three strategies are called 2/2, 2/3 and 3/3, respectivdigre of the figure shows the recall for a given number of aggregated
a/b means thab indices are used and the first descriptor to beearest neighbors; recall that the sequential scan reR48212
seen ina of those is returned as the nearest neighbor; in aikighbors. Considering first the overall shape of the linessee
cases we discard descriptors seen in fewer thardices. In this that, as expected, small result sets give low recall. Whegeta
terminology a single index is 1/1. We first study briefly retal result sets are collected as input to the rank aggregatamever,
performance and recall, and then focus on false positives.  recall improves. Beyond retrieving 1,000 descriptor itfesrs

1) Performance: The query response time (not shown) irom each index, the recall curve becomes flat and result sets
directly proportional to the number of indices used; usirgjngle over 2,000 descriptor identifiers show next to no recall giain
index took 12.5 ms while using three indices took about 385 m Turning to the effects of retrieving additional aggregated

2) Recall: Figure 6 shows the recall of the four strategiesearest neighbors in Figure 7, we see that recall is improved
considered (1/1, 2/2, 2/3, and 3/3). For this experiment tlsgnificantly when going from one to two aggregated neigbor
partition fetched by the search for each NV-tree was emtireBy returning just one aggregated neighbor, we obtain a very
processed, yielding as many descriptors as possible fon eaeasonable recall of more than 130,000 meaningful neighfmurt
configuration. As the figure shows, the overall shape of thalre of the 248,212). By returning two neighbors, recall impoie
curves is similar when using more indices, The 2/2 and 3{8er 155,000 and with 10 aggregated neighbors we reach over
strategies always perform worse than 1/1. This is because sal60,000 meaningful neighbors. Larger results sets actoewe
relevant descriptors may, by chance, miss one of the tworeeth minor improvements, but as we will see in a moment they irsgea
necessary partitions, and thus not be considered part ahheer. the number of false positives significantly.

Turning to the 2/3 strategy, we see that for descriptors with Figure 8 shows the number of false positives for the same
short distances, it performs better than 1/1. This is dueh& texperiment. As before, the-axis shows the size of the result set
fact that these relatively close descriptors are moreiltelbe obtained from each index, and each line of the figure shows the
found in two corresponding partitions of three possibl@ntlin false positives returned for a given number of aggregatedese
the single correct partition of a single index. For desoriptthat neighbors. Overall the figure shows that as the result set siz
are farther away the tables turn, however, as then it is difffor grows and as more aggregated nearest neighbors are returned
those descriptors to land in two corresponding partiti@erall, the number of false positives returned grows very sharpbouk
however, the 2/3 strategy has slightly higher recall than XL 15% of all queries return more than 10 nearest neighbors, and
strategy; in the following we therefore focus on the 2/3tsfyg.  2.5% even more than 100 neighbors; these query descriptor ar

3) False Positives:The major motivation for doing search onclearly landing in very dense areas. Note that, in compayitwe
more than one NV-tree, however, was not to obtain higherllrecaumber of false positives returned by a sequential scanegng
but to filter out the high number of false positives. The ollerafrom about 15 million when 30 nearest neighbors are retutned
strategy used for this purpose is as follows: Each of thesthé-  about 3 billion when 6,000 nearest neighbors are returned.
trees is probed to yield a (ranked) result set of a specifee Jiren Combining the results shown in Figures 7 and 8, we see that
these results sets are traversed to yield nearest neighdbdhn® returning a result set of 1,000 descriptor identifiers froathe
query descriptor as described above. This time, howevdy, @n index is necessary for recall, but we should limit the numiler
few such “aggregated” neighbors are retrieved; we evenidens aggregated nearest neighbors returned very significantly,der
retrieving only a single such neighbor. The expectationhit t to limit the number of false positives.
these aggregated nearest neighbors will be very meanjraggul  Finally we briefly discuss the 2/2 and 3/3 configurations. As
they appear close to the query point in at least two NV-treealready shown they yield lower recall, about 136,000 and30(®



TPAMI-2007-07-0435.R1 10

180000 3.5e+06
0
S 160000 " 30406 L
S 140000 <
Q % 2.5e+06 -
Z 120000 8
2 o
© 100000 |- $  2e+06 -
g £
& 80000 « 1.5e+06 |-
= 2
% 60000 @
s g le+06 -
£ 40000 3
IS -
S 20000 | i 500000

0 R | L MR | L L 0 m—
100 1000
Size of Result Set collected from a single NV-Tree Size of Result Set collected from a single NV-Tree
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neighbors retrieved. retrieved.
descriptors, respectively. On the other hand, with theséiguara- 70 : T T T T T
tions, the false positives drop by another order of magpeitir V-

the 3/3 setup collecting a maximum of five neighbors at a tesul £ 60 [

set size of 1000 gives only 16,000 false positives with alfeta
119,500 meaningful neighbors. Therefore, if false pos#imust
be reduced at all costs, then this setup is the right choice.

D. Experiment 3: Insertions

To measure the performance of insertions, as well as théyjual
of the resulting index, we first indexed a 36 million desaipt
subset of our collection (about 20% of the collection) arehted
a single initial NV-tree index. Then we created an insertion
stream of the remaining 144 million descriptors, and mezsthie
insertion performance at regular intervals. Finally, weaseed Database Size (in Million Descriptors)
the retrieval quality of the resulting index, and comparteid ithe , _ _ _ , ,
results of Section VI-B for an index built from scratch. Ineth F9: 9. Average time to insert a descriptor as the index grdarsvarious

. . . . . buffer sizes.
following, we briefly describe the results of this experimen

1) Recall: The recall of the resulting NV-tree (not shown) is We al vzed the break-d fthe | " i i
65.6%. This can be compared with the recall of an NV-treet buil € aiso analyze € break-down ol the nsertion costs _(no
shown). With a 500MB holding area buffer, the cost of updatin

from scratch, which is 65.8% (see Section VI-B). The recsll |I f nod disk bout 40% of th ¢ and th t of
thus essentially the same regardless of construction me@igen cal nodes on disk was abou o Of In€ cost, and the cost o
splitting leaf nodes was about 60% of the cost.

that the final index after insertions contains five times asyna - . . . .
m Overall, the time to insert all 144 million descriptors with

descriptors as the initial index, this is a strong result. o
- ) : - : : 500MB bhuffer was 13.4 days. This time can be compared to the
2) Efficiency: Turning to the efficiency of insertions, the keycost of building the index, which was less than 16 hours. @/hil

f r iding th rformance is th ffer size of th L s
actor decid g the periormance 1 the bu er siz€ o t ling the cost of bulk-loading is thus much lower, the cost of itisas
area for descriptors, with the split buffer having a smalepact. .~ . . .

is still quite reasonable. Even when the index containedlyea

Recall that the holding area is used to postpone actualtiossr S : . .
. ga . Posip 180 million descriptors, we observed an insertion throwdgf
into leaves, such that disk operations can be performedropp0

tunistically and the cost of disk operations amortized avéarge about 5,000 descriptors per minute.

number of insertions. We have experimented with buffer ssize .

ranging from 100MB to 1,000MB (about 5-50% of the server§- Discussion

memory), of which 80% have been allocated to the holding areaOverall, these experiments show that the NV-tree is a veoglgo

and 20% to the split buffer. data structure for approximate nearest neighbor searchigim h
Figure 9 shows the average time to insert a single descriptdimensional space. This is because the construction of fheé

The z-axis shows the size of the collection that is indexed a&ssentially respects the local contrast of the descripitheation

each time, while they-axis shows the insertion time in milli- and encodes it into the partitions of the indexes.

seconds. Overall, the figure shows that with limited bufiees, In general, the NV-tree returns more than 99% of the meaning-

the insertion time grows significantly as the index becoraegelr. ful neighbors that are found below a distance of 25. For rmgh

With a buffer size of 500MB, however, the insertion time onlyeyond this distance the detection rate drops significabthy

goes up to about 12 ms, which is about the cost of a random l/@erall about two thirds of the meaningful neighbors arentbu

Beyond a buffer size of 500MB, little further benefits arersee Using a single NV-tree, the returned results have high keloat

Insertion Time per Descriptor (in msec)
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contain a high number of false positives. By combining two oFhen, we present our adaptation of LSH to a disk-based gettin
three NV-trees, those false positives can largely be elteth and explain how the various parameters affect performande a

while retaining the high recall. quality of the search. Subsequently, we compare LSH to the NV
tree, before concluding with a discussion.
VII. COMPARISON TORELATED WORK Unlike most other nearest neighbor search methods, the algo

The two major data structures most related to the Nv-trdBhmic idea behind Locality Sensitive Hashing is not based
are the Spill-tree [LMGY04], [Liu06], [LRRO7] and Locality & tree structure, buf[ on hashing the data points into buckéts
Sensitive Hashing (LSH) [GIM99], [DIIMO6]. In this sectipwe chosen hash functions are constructed so as to guarantee tha

first briefly compare the NV-tree to the Spill-tree, beforedsing V&Y close points coincide in the same bucket with much highe
on LSH in the remainder of the section. likelihood than those far apart. LSH was first published fog t

binary Hamming space in [GIM99] and then later extended, to
. norm in [DIIMO6]. Most of its applications, however, haveeas
A. The Spil-tree rather small collections which could easily fit in mem®ry.

The Spill-tree is, like the NV-tree, based on repeated fi@mti ~ One major benefit of LSH is the simplicity of its algorithmic
ing of the descriptor collection into overlapping partit®y and idea. Each descriptor is projected onto a setafindom lines
then using a similar search algorithm to process a single l&@frough the search space. The lines are partitioned intd fied
node. It has significant differences, however. intervals (determined by a radiu§ and each of the intervals

Most importantly, the Spill-tree only partitions the dat#d js named by a symbol. Projecting fo lines givesk symbols,
two partially overlapping partitions at each level, resigtin  \which are then concatenated to a word of lengtiThese words
a much taller tree which in turn leads to significantly largesre built over an alphabet, whose cardinality is defined [y th
disk space requirements. Additionally, the overlappingtdais number of partition intervals, and form a kind of localitynséive
globally defined and does not consider the distribution @& thingerprint. The smaller the radiusis chosen, the more intervals
data points along the projection line. Since the projectief-h are created and hence the more symbols the alphabet contains
dimensional data tends to produce a normal distributionhen tNote, however, that the probability of individual symbassviery
line, intermediate splits are very likely to have large s of gifferent, because the projected points are normally itisted
the data in common, resulting in a very limited usefulnesthiofe along the projected line. Increasing the number of partition
splits. In the worst case, when most of the data falls in botfe projected lines increases the variety of words at a fiseel s
partitions, the authors recommend re-partitioning withany & but also increases the chance that close descriptorsagerser
overlap and subsequently directing the search to bothtipadi different fingerprint.

(the guaranteed query processing time is sacrificed in #88)c  |n order to efficiently search descriptors referenced by the
This approach is called a hybrid Spill-tree. While the highesame fingerprint, they are hashed via a standard hash fanctio
query processing time of the hybrid Spill-tree may be aatglpt into a hash table. Since LSH does not apply overlapping and
for small collections in a main-memory setting, the perfante the Jikelihood of separating two close neighbors also iases
impact for large collections and/or disk-based settings be ith the fingerprint lengttk, it needs several of these hash tables
significant. Finally, each Spill-tree leaf node containsed of (parameterr in LSH notation) to guarantee a certain probability
descriptors rather than a ranked list, leading to high g®rajn recall. With very large databases, however, each additibash
consumption and expensive distance calculations. table causes one additional 1/0, making these additiortidbsa

In order to understand the space requirements of the Sp{}bry costly.
tree, we have considered how it would deal with our collectio During query processing with LSH, the query descriptor
of 180 million descriptors. Given the nature of high-dimensl needs to look up the appropriate buckets for falhash tables.
projections, we expect average overlap to be ali6ur%. We  is therefore projected to alt lines for each individual table
also assume a node size of 6,000 descriptor identifiers;thate snd the result is concatenated tokalength fingerprint which
this is larger than the NV-tree nodes and leaves no space fRén references the bucket in the hash table that must be read
insertions. In order to determine the depth of the Spilttree  from disk. For all candidate descriptors referenced in blisket,
must then solve the equatior80, 000,000 x 0.667° = 6,000, the LSH algorithm computes the precise distance between the
which yields 2z = 25.5. The Spill-tree would thus require 26 gescriptor and the query poigt When the given descriptor falls
hierarchies, resulting in80, 000,000 (2x0.667)*% = 300 billion  yithin the selected-distance (the radius) it is included in the
pointers to descriptors, requiring more than a terabyte aiéi d result set; otherwise it is dismissed. After allhash tables have
just to store descriptor identifiers. If, as Liu proposed; #ttual peen looked-up this way, all descriptors in the result sesarted

descriptors are stored, the space requirements becorme layg according to their distances tpand returned.
two orders of magnitude.

Since the Spill-tree clearly has orders of magnitude higher . .
storage requirements and gives weaker query performarmce tf- Adapting LSH to Disk

the NV-tree in a disk-based setting, we do not consider th&ur In order to run LSH in our context, it would have been
necessary to keep not only the indices of the hash tables in
B. Locality Sensitive Hashing main memory but also the whole descriptor collection asalctu

In the remainder of this section we focus on Locality Sewsiti distances need to be computed. As our descriptor collection

Hashing which we believe to be the most competitive method to, A disk-based strategy was developed by Ke et al. [KSHO4Jcsinwas

our Pr0posed_ NV-tree for very Iarg_e coIIectiQns. In t_h_edmllng, only tested on a small collection which was easily bufferdriemory, it
we first describe the algorithm behind Locality Sensitivesklag. cannot be taken as a conclusive disk-based evaluation of LSH
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Fig. 10. Distribution of result set size for LSH with threeshatables Fig. 11. Distribution of result set size for LSH with varyimumber of
(L = 3). hash tablesK = 10, r = 65).

consumes about 22 GB, this approach is impossible. Furtirerm shows that the increase in nearest neighbors is roughlgrlifos
keeping the collection on disk and performing a random disikdr most of the quantiles. The largest result sets are propaitio
to fetch each descriptor in the result is also unacceptable.  smaller, because of the existence of duplicates and bedaisse
For our experimental evaluation we adapted the original LStthlikely that many hash tables yield very large buckets.
implementation [AIO5] to disk, using a standard sortingdity. In The major benefit of LSH over the NV-tree is the size of the
the interest of a fair comparison between the NV-tree and LShdex, which is due primarily to the overlapping partitionisthe
we do not compare the running times of the search, since tR&-tree. LSH needs three integers per hash table entry: one f
NV-tree executable is very well tuned and we did not wish taumbering the hash bucket; one as a control hash; and finally
spend the same time on optimizing the LSH algorithm. We cathe descriptor identifier. Since the hash bucket number Ig on
however, make a fair comparison by simply counting disk seacused for sorting the table on disk, it can be removed from ke fi
The settings recommended for memory-based LSH createafeerward, resulting in 8 bytes per descriptor on disk. Vélarse
very large number of hash tables. In order to make LSH moreaf nodes, on the other hand, the NV-tree only stores a littl
competitive to the NV-tree, we have studied the result tpaliover 4 bytes per descriptor. Due to the non-overlapping reatu
of LSH with relatively few hash tables. In the remainder 0bf LSH, however, each hash table requires only about 2.1 GB of
this section, we therefore take a closer look at how to tuse thisk space, which is significantly lower than the storagedade
quality of LSH in the context of very few hash tables. Since thfor a single NV-tree.
parametersk, L, andr, as well as the cardinality of the result
set, are strongly dependent on each other, we split our atvaitu
into two experiments. First we set the number of hashtaldes I? Recall of LSH
L = 3 and vary the word-size parametefrom 6 to 12 (adjusting ~ We now turn to a comparison of the LSH and NV-tree data
the radiusr accordingly). In the second experiment we take thetructures. Figure 12 shows a comparison of the recall @fethr
most suitable configuration of the former experiment anduaswa LSH hash tables to a single NV-tree. As the figure shows, With t
the quality when varying the number of hash tables (effeiv setting, LSH yields significantly lower recall than that yided by
varying the number of disk reads required for the search).  the NV-tree. LSH has, on the other hand, the desirable pipper
Figure 10 show the distribution of the result set size for théat it retrieves in most cases a significantly lower numbier o
500,000 queries, using LSH with three hash tables. LSH dokdse positives (not shown). Finally, we point out that LSldkes
not give any guarantee on how many neighbors are returned,nsp distinction between low and high contrast, as it is @n
when increasing the fingerprint sizeve need to shrink the radius approximate search. This was already known from the dedign o
r correspondingly in order to keep the average number of seareSH, but we have observed this fact in our evaluation.
neighbors at several hundreds. Theaxis shows the quantiles Furthermore, Figure 12 shows that a large radiusombined
of the distribution, while thes-axis shows the result size set awith largerk returns better results. This effect levels off, however,
each quantile. The figure shows that by reducing fingerpimet s once the radius gets too large, because normal distribaimh
k and radiusr the cardinality of the result sets grows slightlylarge symbol buckets along the lines make certain symbgsap
but becomes more stable. Longer fingerprints and largeusadimuch more frequently than others. Therefore, the LSH configu
generally yield fewer neighbors, but have the drawback ftvat ration with £ = 12 and+ = 80 gives only minor improvements
5-10% of the results the answer set grows extremely large. Téver k = 10 andr = 65.
LSH setup withk = 6 andr = 25 returns on average 1,305 Figure 13 compares the recall of LSH with varying number of
neighbors, but in the worst case 10,572 nearest neighbtwes. hash tablesi = 10, = 65), to that of a single NV-tree index.
setup withk = 12 andr = 80, on the other hand, returns onThe figure shows that by increasing the number of LSH hash
average on 445 neighbors, but can return as many as 83,041tables, the recall quality improves steadily. Note, howeteat
The setup withk = 10 andr = 65 was chosen in the contin- this improved quality comes at the cost of extra disk readd, a
uation, and the number of hash tablesvas varied. Figure 11 that those disk reads are not of a fixed size and might in some
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with 3 Hashtables.

cases go beyond the I/O granularity of today’s hard drivédsclv F. Discussion

is typically 128KB. Furthermore, it is well known that bottmall As we have seen in the experiments, LSH and NV-tree can give
and large disk reads are more costly than reads of an optieal Ssjmilar quality for nearest neighbor search in high dimenal
Combining the cost of each read with the number of disk rea(é'i)ace. In order to provide a fair comparison of both methods
we see that LSH has a much higher response time. we have put emphasis on choosing a sound selection of the
Figure 13 shows that the point where LSH outperforms theyrameters for both techniques. The results show that thieéV
NV-tree lies roughly af. = 8 hash tables, so we can say that thgages off disk space for the benefit of better query perforea
NV-tree can deliver the equivalent recall quality with s&nglisk  \ynjle LSH trades off search time in order to have a smalleesnd
read that LSH can with eight disk reads. The average numbergf gisk.
false positives forl, = 9 hash tables is 1,201, so we can also say when false positives are tolerated, the NV-tree is aboun@si
that here the NV-tree and LSH yield the same “performance”. faster, but uses 50 GB of disk space ¥s.2.1 GB = 16.8 GB for
LSH, or 3 times more disk space. The same trade off can be seen
when we filter as many false positives as possible, as then the
As we did for the NV-tree, it is also possible to filter falseyy-tree needs three disk reads from 150 GB of disk space while
positives from the LSH results. In this case we need to ageeg| SH needs about 24 disk reads from 50.4 GB of disk space.
the result sets of the individual LSH hash tables. As explin  One of the clear benefits of the NV-tree is that it always loads
in Section VII-C, adapting LSH to disk precludes any actudixed sized partitions from disk, while the number of destrip
distance calculations, and therefore filtering false pestbased identifiers in a single LSH hashtable bucket can be very large
on distances is impossible. Furthermore, a rank based @approThis behavior may lead to unpredictably large result setapof
cannot be used, as the buckets are essentially sets whieh hav100,000 neighbors for our setup or unpredictably smalllte

no internal ranking. Instead, we have taken the approact usgts, which in turn leads to unpredictable 1/O sizes.
by [BCO6] and filter false positives by simply counting the

number of occurrences of each descriptor in the result sets f VIlI. CONCLUSIONS

all the hash tables and ranking the result accordingly. €los In this paper we have proposed the NV-tree, which is a disk-

neighbors are likely to be found by many hash functions, afmhsed data structure that gives good approximate answéns wi

their occurrence count will therefore be high. Then, we takea single random disk readeven for very large collections of

fixed number of neighbors from this ranked list and declaese¢h high-dimensional data. Furthermore, searching the N&4imeurs

as the aggregated nearest neighbors. negligible CPU overhead, making it suitable also for main-
Figure 14 shows the recall of this method. As the figure showsiemory based processing. We have described the fundamental

LSH gives high recall with this method when we have a largsf the NV-tree, as well as different strategies for its cangion.

enough number of tables to provide a distinguishable rankin We have then analyzed the properties of a large-scale copy

among the aggregated result sets. As the figure furtherrhokgss detection application using the well known SIFT descriptdi/e

however, LSH only manages to catch up with a three-index Nghow that the SIFT descriptors are very distinctive and have

tree setup once we collect neighbor sets from 24 differerid LShigh contrast, even in a collection of 180 million data psint

hash tables. Again, this is a ratio of 1:8 in favor of the N&&tr Furthermore, we show that using contrast-based grounil sets
Looking further at the false positives shown in Figure 15, wis necessary to obtain meaningful results for all queries.Have

see no significant differences when using more LSH hashgablghown that the NV-tree returns very good approximate resait

In contrast to the NV-tree, it is completely dependent on thais workload, and we believe that the NV-tree can be used for

number of nearest neighbors, as LSH practically guaramviéths any large-scale application, where the data set can be skwwn

very high probability very large results sets for all queri&@he have contrast and yield meaningful results.

generation of a small and meaningful answer set is then just ainally, we have shown that the NV-tree as well as LSH are

matter of ranking the neighbors. two very good indexing schemes for nearest neighbor search i

E. Filtering False Positives
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high dimensional space. While both methods are built on thers7]
concepts of projection to lines and partitioning, howevbey
have very different properties. The NV-tree is a tree-stme

which guarantees fixed size /O operations and a maximum sjzggro7]

on the result set. LSH is hashing based and might in extreme
cases return very large result sets. The NV-tree tradesisif d KIe97]
space for the benefit of fewer disk reads during the searcle w#

LSH focuses on rather small index sizes, but needs more sexes

to disk during the search process.

Directions for future work include a theoretical study ogth
approximation properties of the NV-tree, an analysis ofitingact
of redundancy on result quality, further comparisons to peting
data structures, and a performance study at even largessscal
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